Abstract-The many new distributed energy resources being installed at the distribution system level require increased visibility into system operations that will be enabled by distribution system state estimation (DSSE) and situational awareness applications. Reliable and accurate DSSE requires both robust methods for managing the big data provided by smart meters and quality distribution system models. This paper presents intelligent methods for detecting and dealing with missing or inaccurate smart meter data, as well as the ways to process the data for different applications. It also presents an efficient and flexible parameter estimation method based on the voltage drop equation and regression analysis to enhance distribution system model accuracy. Finally, it presents a 3-D graphical user interface for advanced visualization of the system state and events. We demonstrate this paper for a university distribution network with the state-of-the-art real-time and historical smart meter data infrastructure.
I. INTRODUCTION

D
ISTRIBUTED energy resources such as renewable energy sources, electric vehicles, controllable loads, and electric storage are projected to become widely spread in the future. Efficient coordination of these resources requires increased monitoring and coordination at the location where they are being installed, namely the distribution system [1] . Additionally, advanced Volt/VAr optimization, demand response, and fault location and restoration schemes require more accurate and reliable information about the current system state [1] , [2] , which is increasing with the ongoing expansion of advanced metering infrastructure (AMI). Accurate and robust use of this information in distribution system state estimation (DSSE) will be a cornerstone of future smart distribution systems [3] , [4] . DSSE leveraging of AMI measurements requires both accurate models and the reliable and precise use of measurements.
The contribution of this paper is threefold. 1) Several methods are presented to process the problems related to smart meter data reliability and accuracy. 2) An efficient and flexible approach is utilized to estimate the distribution system parameters with AMI data in order to enhance model detail and accuracy. 3) Advanced visualization approaches are shown for enhanced situational awareness. This paper studied a real system with real-time and historical AMI power, voltage, and current data.
The structure of this paper is as follows. First, Section II introduces the DSSE problem and some of the related metering and modeling requirements. Section III presents the Georgia Tech campus distribution system, which is used as a case study throughout this paper. Section IV discusses issues related to smart meter measurements and ways to process the measurement data for different applications. Section V proposes a way to enhance distribution system modeling accuracy by estimating secondary circuit parameters with the use of AMI data. Section VI demonstrates advanced visualization and user interfaces for enhanced situational awareness. Section VII concludes this paper.
II. DISTRIBUTION SYSTEM STATE ESTIMATION
DSSE provides network operators with an improved view of the current state of the system. Many of the benefits of DSSE result from the additional enabled distribution network automation functions. These include real-time monitoring, network restoration, outage management, security assessment, Volt/VAr or energy loss optimization, and generator and load control [3] .
One of the main challenges of DSSE is the low number and the low quality of measurements resulting in a lack of observability. While AMI provides more measurements, the meters are not necessarily accurate or reliable, and are often only loosely time-synchronized with possible delays of hours or even days [2] . Therefore, AMI measurements are added to DSSE as so-called pseudo-measurements that are given low weights to reflect their low quality. Additionally, DSSE extensively utilizes so-called virtual measurements to represent values that are known but not measured. The most typical types of virtual measurements are power balance equations at zeroinjection nodes, which are numerous in distribution systems. The early DSSE literature attempted to overcome the measurement data limitations by using statistical load data to establish sufficient redundancy for system observability [5] . A three-phase DSSE methodology, as well as the use of historical measurements data as pseudo measurements was first proposed in [6] . The recent proliferation of AMI provides big data from smart meters, data that can be used to enhance the DSSE operation [7] - [9] , but new ways must be found to handle the measurement accuracy and operational reliability, which are relatively lower compared to the transmission system supervisory control and data acquisition system (SCADA) [1] .
A simplified DSSE process is depicted in Fig. 1 . The AMI and SCADA measurements are aggregated over a communication link to a database management system. The historic AMI data is fed to a parameter estimator and a pseudo-measurement generator. The parameter estimator is an offline process that utilizes historic physical and estimated measurements to verify and refine the distribution system model topology and parameters. The pseudo-measurement generator estimates the most likely load values based on the historic measurements. More advanced methods can leverage other inputs such as weather data. The generated pseudo measurements, the realtime SCADA data, and the available AMI data are passed to the data handler and error analysis, which compares the individual AMI real-time measurements with the generated pseudo measurements and decides the values and the variances that are passed on to the DSSE. The estimated measurements are stored in the database management system, and the estimated system states are passed to distribution system visualization and automation for situational awareness.
III. GEORGIA TECH DISTRIBUTION SYSTEM
The monitoring, visualization, and parameter estimation (PE) are shown for the Georgia Tech distribution system. The extensive metering infrastructure and detailed three-phase model provide a perfect use case for future distribution system modeling and situational awareness. The unbalanced snapshot and time-series power flow analyses are performed in OpenDSS [10] .
The 15 distribution feeders owned by Georgia Tech serve more than 200 buildings, all fed from the same utility-owned For reliability reasons and to support future campus growth, the system capacity is designed to handle at least twice the peak load so that it can support maintenance or outage issues on an adjacent feeder. Thus, in normal conditions, the lines and transformers are not highly loaded, even under peak load. Due to the strong primary system cables, most of the voltage drop occurs over the service transformers and secondary circuit lines. The system voltage is controlled solely by substation on-load tap changers. Most of the system is three-phase and well balanced. Thus, in this system, distribution engineering issues related to single phase laterals and imbalance are not prevalent.
The Georgia Tech system is comprised of a small number of large balanced three-phase loads. From April 29, 2013 through March 5, 2014, the mean and median of the building average loads (peak loads) were 187 kW (380 kW) and 108 kW (226 kW), respectively. These average and peak load distributions were strongly skewed by six loads at two central campus chiller plants with a total average load of 6.7 MW. The campus load duration curve and a histogram of building peak loads over a time period of one year are shown in Fig. 3 . The on-campus generation is limited to three rooftop photovoltaic (PV) units with a total rated capacity of 724 kW ac .
IV. UTILIZING SMART METER DATA
A. Reliability and Accuracy
Smart meters radically increase the number of available measurements in distribution systems. However, the vast number of smart meters brings new challenges related to the metering and communication reliability and accuracy [11] , [12] . It becomes imperative to develop automated procedures to deal with missing data as well as to "clean" or preprocess the data before it can be used.
The reliability of AMI data is generally low compared to that of SCADA data. A typical well-run large-scale AMI misses up to 4% (1%) of hourly power (daily energy) measurement data [11] . Meters may not transmit data to the meter data management system (MDMS) for permanent or temporary reasons, such as maintenance, device failure, or communication problems. All applications utilizing the AMI data must be able to handle the lower reliability.
Smart meters are required to meet accuracy and operation standards such as ANSI C12. Their accuracy tends to be high-typically ranging from ±0.5% to ±2% [12] . However, individual meters can have low accuracy or transmit incorrect values for a number of reasons, many of which are related to meter setup and configuration. Typical issues include improper meter time synchronization, inconsistently set units (e.g., MW instead of kW), as well as incorrect current transformer (CT) and power transformer (PT) selection, installation, and setup [10] . Next, the Georgia Tech AMI is introduced, followed by ways to detect and deal with data reliability and accuracy issues.
B. Georgia Tech Measurement Infrastructure
The campus electrical metering infrastructure consists of a substation SCADA and building metering. The substation SCADA includes voltage and current measurements at both substation transformers (PT and CT) as well as current measurements through a (CT) in breakers at each of the 15 feeder heads.
The campus buildings have extensive instrumentation, including approximately 400 revenue-grade smart meters, to control and monitor electrical and mechanical signals. Each building has a main meter and likely several sub-meters, for billable tenant loads or specific areas of interest such as a chiller or PV system. Every 15 min, the measurements reported by the smart meters are recorded and aggregated into a database that allows for comprehensive analyses. A communication system and database is also available for setting data loggers for the desired meters over selected time periods at high-granularity down to the time scale of seconds. Many commonly encountered AMI data accuracy issues were found and fixed using early situational awareness insights provided by the model [10] , but measurement reliability and accuracy in large systems will be a recurring issue, requiring robust DSSE techniques.
C. Pseudo-Measurement Generation
The process of replacing missing measurements with best estimates is referred to as pseudo measurement generation. This is distinct from virtual measurements, which are used to represent known, but not measured, values such as the power balance at zero-injection nodes. Pseudo measurement generation of AMI data is not a straightforward task due to the stochastic nature of load [13] - [15] . Possible approaches to pseudo measurement generation include using historic data entries, more specifically their statistically representative parameters such as means and medians, or to fit probability distributions to the historic data and then sample values based on them. Many more advanced concepts have been implemented such as [15] and [16] .
With systems like the Georgia Tech network, it is unlikely that all the meters are always operational since ongoing renovation work is common for long periods of time. The data reliability from May 2012 through May 2013 was approximately 97.28%, meaning that 2.72% of the data points were missing. This was largely due to planned outages (maintenance, retired meters, etc.), with only 0.08% of the measurements unexpectedly missing. Similar performance can be expected in other systems of the same type and scale. As seen from these numbers, the main data reliability challenge in such systems is to deal with data that is missing during planned outages that can last for weeks or months. The longer a measurement is missing, the more challenging it can be to accurately estimate its value due to changes in load characteristics, especially for construction or renovation.
In the Georgia Tech system, the pseudo measurement generator utilizes a weighted average combination of historic data and interpolated/extrapolated data from previous or future measurements. The interpolation/extrapolation has a decaying weight that gives the interpolation/extrapolation more importance during short periods of missing data or when very close to an actual measurement in long periods of missing data. The weight of the average historic values is set to increase with the length of the missing data period. The averages of historic measurements are calculated over existing historic data with the matching time of the day (±1 h), the matching weekday, and the matching day of the year (±8 days). Holidays and university breaks are handled separately. As a result, any typical missing data point is replaced with an average of 50-90 past data points. Examples of generated pseudo-measurements for missing data periods are shown in Fig. 4 , where the left and right figures demonstrate how the algorithm works for short and long missing data periods, respectively. The black lines indicate the measured values on both sides of the missing data periods, while the historic mean values and interpolated values are shown in blue and red, respectively. Interpolation would be a reasonable approach for the short-time period in the figure on the left, whereas for longer time periods, it becomes important to utilize the knowledge of historic load characteristics.
D. Aggregated Mega Volt Ampere Verification
A powerful method for finding issues that are not always immediately evident is to compare the aggregated load on a feeder to the substation measurements. The sum of the active and reactive powers reported by all the meters on a feeder for a specific time period can be compared to the Example of generated active power pseudo-measurements. Left: short-time period. Right: long-time period.
power measurements at the substation for that feeder as a whole [10] . This is similar to the widely used approach of comparing customer energy measurements to the substation measurements but offers far greater detail and potentially reveals even more information, such as the profile of unmeasured loads.
In the Georgia Tech system, this comparison was done with apparent powers since power factors are not measured at the feeder heads in the substation since feeder head breakers have only CTs. The feeder apparent powers were calculated based on the substation measurements by multiplying the sum of the feeder breaker CT currents with the substation voltage measurements. This was compared to the apparent powers calculated from the aggregated active and reactive power measurements of the smart meters on the feeder. Capacitor reactive power generation should be subtracted from the feeder reactive power generation. However, the Georgia Tech system had no capacitors. This kind of analysis will always include a baseline error that reflects system reactive power generation, distribution losses, and data inaccuracies. However, average values greater than 5% are usually indicative of the load not being metered or something fundamentally incorrect with the feeder smart meter data. 
for the two sets of graphs are 0.44% and 5.54%, respectively. A MAPE value of 5.54% could be an indication that a portion of the load on that feeder is not being measured or that multiple meters are not operating properly. Consequently, a thorough audit of the metering devices and ancillary infrastructure has to be performed.
E. Model Verification by Simulation
The smart meter voltage measurements can be compared to the simulated voltages in order to determine the accuracy of the model [10] . In practice, due to modeling assumptions and measurement errors, etc., a voltage error always exists between the simulated voltages and the measured voltages. The ANSI C84.1 standard specifies steady-state voltage tolerances with a typical tolerance band of ±5% for service voltages (<600 V) and smaller bands for higher voltage levels [17] . In order for the model to be useful, the voltage error should be only a small fraction of the voltage tolerance, e.g., 10% of the tolerance band, i.e., a voltage error of ±0.5%.
The accuracy of the Georgia Tech distribution system model was verified by running power flow analyses over a one-week time period by comparing the simulated voltages to the measured voltages at the loads, i.e., the meters. Fig. 6 shows the meter mean bias errors [MBE = 1/n n i=1 (V sim − V meas )/V meas ] between the simulated and measured voltages. Positive values indicate that the simulated voltages were higher than the measured voltages, which was likely caused by circuit impedances that were too low. The general accuracy of any metered point in the model can be given as the standard deviation of the voltage simulation error for that meter, each of which are shown as the error bars in Fig. 7 .
These voltage verification methods illustrate that the distribution system model reasonably represents the physical system. Either incorrect model assumptions or major errors in the voltage measurements would be very apparent in the results. While this verifies the general model configuration, the differences between the measured and simulated voltages can be decreased by estimating the model parameters. 
V. PARAMETER ESTIMATION
A. Background
A state estimation algorithm is based on the assumption that the circuit model is perfect [18] , but stored circuit parameter values may be incorrect as a result of inaccurate manufacturing data, network changes, temperature dependence, or incorrect tap information, etc. [19] . Distribution system secondary (low voltage) networks are typically modeled with a lower level of detail than the well-modeled primary networks, although accurate modeling of the low-voltage circuits is particularly important since a significant portion of per-unit voltage drop occurs over the service transformers and lines that have large impedances and low X/R-ratios.
The PE problem consists of finding the most likely current system topology and component parameters, each of which may be known with varying levels of accuracy [19] , [20] . Topology errors can be easily identified in state estimation, whereas parameter errors are harder to detect and may go unnoticed for a longer period of time [19] , [20] . Line and transformer parameters can be assumed to be time invariant and estimated off-line, whereas transformer tap positions change over time and require online PE [20] , [21] . The local measurement redundancy of offline PE can be increased by utilizing multiple time steps of measurement data that can be selected free of gross and topological errors [20] , [21] .
Traditional transmission system PE methods are typically based on residual sensitivity analysis or augmented state vectors. In the former type, PE is performed after state estimation by utilizing linear sensitivities between the parameter errors and measurement residuals. In the latter type, the typical state vector is augmented with additional variables that represent suspicious parameters. The augmented state vector methods apply either normal equations or Kalman filter theory. According to [20] , the augmented state vector methods have surpassed the residual methods, which however, are important for identifying suspicious parameters.
Distribution system PE has been studied less than transmission system PE but is becoming possible to carry out by the advent of AMI. A linear optimization-based method for topology error detection and PE has been proposed in [22] . However, the authors neither estimated the reactances nor leveraged the reactive power measurements. Topology error detection regarding smart meter placement in a GIS system is introduced in [23] . Short [24] presented a method for meter phase identification and meter-to-transformer mapping by applying a voltage drop equation and linear regression that 
B. Estimating Secondary Circuit Parameters
The secondary circuit topologies of the Georgia Tech distribution system were already known, and the circuit parameters were approximated based on transformer models, typically used conductor types and estimated line lengths [10] . All service transformers were equipped with five 2.5% off-load taps that can regulate the voltage ±5% from nominal. Since the taps were fixed, the transformers with off-nominal taps were easily detected based on the metered building voltages. The remaining challenge was to refine the transformer and line impedances. Positive sequence equivalent models were used since the loads were predominantly three-phase but the presented method can also be applied to single phase laterals. Fig. 8 illustrates a generic Georgia Tech system secondary circuit model consisting of service transformer(s) and one or more meters that are modeled as PQ loads. Each meter is connected [potentially over service lines(s)] either to transformer(s), or to a common bus bar, which is further connected [potentially over service line(s)] to a transformer or transformers. Among other things, the meters measure active power, reactive power, and voltage. The medium voltage (MV) bus voltages were assumed to be equal to those of the measured upstream substation voltages due to only very small primary circuit voltage drops and the absence of voltage measurements between the building meters and the substation. These measurements did not allow the estimating of all the desired parameters since, e.g., only the sum of series impedances could be estimated. This limitation could not be overcome by utilizing more measurement time instances, since this would have only increased the local measurement redundancy of the adjacent parameters.
The applied PE principle is demonstrated with the simplest case, where a single load is connected to an MV bus over a transformer and a service line, as shown in Fig. 9 . In this case, R + jX, the total series impedance of the transformer and the service line, was estimated. The presented method can be applied similarly to all the possible secondary circuit topologies in Fig. 8 . The PE was based on the voltage drop equation, which neglects the small voltage angle difference between the buses [25] . The approximate per-unit voltage drop in both three-phase and one-phase circuits is given by
where R and X are the total series resistance and reactance of the transformer and service line in per-unit. The per-unit current resistive and reactive components, I R and I X , can be calculated from the active and reactive power P and Q and the load line-to-line voltage V 2 . If, instead of per-unit values, actual values are used, the transformer primary side voltage measurements and winding resistance must be referred to the secondary and the appropriate √ 3 scaling factor must be used. When N (N min = 3) measurements are used, the PE problem can be solved using L2-norm, which is equal to the linear least squares (LS) problem
where I R,i , I X,i , V 1,i , and V 2,i are ith measurement values. Alternatively, if L1-norm, i.e., the least absolute value, is used, the problem can be formulated as a linear programming problem (LP) by using a dummy variable τ i
The main advantage of the linearized voltage drop equation (1) is that problems (2) and (3) are convex and can be solved to the global optimum very efficiently by any standard solver even with thousands of time samples. The difference between (2) and (3) is related to the statistical properties of the selected estimator (or norm): L2 performs well in the presence of noise but fails to reject bad data, whereas L1 is more robust in cases of bad data but has ineffective noise filtering [26] . In both cases, it is possible and advisable to add constraints on R and X. In this paper, R, X, and the X/R-ratio were bounded between expected minimum and maximum values. Parameters R and X can be estimated from (1) with linear regression, which can provide useful statistics regarding the parameter estimates including confidence intervals. However, linear regression does not allow bounds to be set on the parameters, which is why the approaches (2) and (3) are used in this paper.
C. Results for Georgia Tech Feeders
Both algorithms gave similar results in the studied cases. Thus, only the results for the LS-method are shown here. The PE was run for the two selected three-phase feeders highlighted in blue in Fig. 2 by using a time period of 1000 steps. Mean bias error improvements of simulated voltages for the optimized secondary circuits.
Longer time periods resulted in little change to the parameters and seemed to provide no additional benefit for the optimization. The differences between the approximated original parameters and the estimated optimal parameters are shown in Fig. 10 . Clearly, the initial R and X were too low.
The parameter accuracy was verified by comparing the measured and simulated load voltages. Fig. 11 shows percentage mean bias error improvements of the simulated voltages for the 22 optimized secondary circuits. The errors were calculated over N time steps with
PE decreased the average voltage discrepancies in almost all the cases with an average improvement of 59%. However, the algorithm is not perfect and in some cases the improvement was only minor. Potential reasons for poor performance include low AMI sampling frequency and loose time synchronization, bad data, incorrect topology, model errors, the approximation error of the voltage drop equation, etc. As PE is run offline, it is possible to neglect bad measurements. However, as discussed in Section IV, detecting bad measurements is not straightforward. For these reasons, the estimated parameters should always be validated. Fig. 12 shows the discrepancies between the measured voltages and the simulated voltages with original and optimized parameters for one secondary circuit.
D. Results for Single-Phase Secondary Circuit
In practice, many distribution system secondary circuits are split-phase, i.e., a single-phase where a center-tapped transformer connects to a triplex cable with both 120 and 240 V service to the loads. Although it is possible to model the split-phase secondary circuits in detail [27] , PE is limited by the available smart meter data, which typically consists of the customer total power and/or current as well as voltage measurement across the 120 V connection. As long as the power, current, and voltage measurements for both the 120 and 240 V loads are not included in the MDMS, it may be desirable to model split-phase secondary circuits with single-phase transformers, lines, and loads. Using this modeling approach, typical smart meter data can be readily utilized to estimate the secondary circuit transformer and line parameters utilizing the approach introduced in Section V-B.
Due to the limited single-phase measurement data in the Georgia Tech distribution system, the PE for a one-phase secondary circuit is demonstrated with a test system consisting of a voltage source, a three-phase medium-voltage line, a onephase (11.4315 kV L-N/240 V L-N) service transformer, a one-phase service line, and a single-phase load. The circuit is illustrated in Fig. 13 and is modeled in OpenDSS. The source voltage is set as constant 19.8 kV source, and the one-phase load is modeled as fixed PQ with a random active and reactive power consumption profile.
First, the load bus voltages are simulated with known transformer and line impedances and a constant source voltage of 19.8 kV. Then, the parameters R and X are estimated utilizing 625 voltage and power data points superimposed with uniformly distributed random noise with ±5% magnitude of the respective data point. The accuracy of the estimated perunit parameters is 2.96% for R and 2.66% for X calculated by (R est − R real )/R real = 1.0296 − 1.0000/1.000 = 2.963% and (X est − X real )/X real = 2.0535 − 2.0000/2.0000 = 2.662%, respectively. Comparing the voltages simulated while using the estimated parameters to those simulated while using the original parameters results in a MAPE of 0.018% over the 625 data points. In real systems, the accuracy of the estimated parameters is limited by modeling and measurement data inaccuracies. The linearity of the approximate voltage drop equation (1) for the test circuit is illustrated in Fig. 14 circles fall very close to the plane, which means that the linear approximation is accurate.
VI. ENHANCED SITUATIONAL AWARENESS
A. Background and Motivation
A distribution system with a large number of different kinds of components with vast amounts of AMI data makes it challenging to provide concise, accurate, and up-to-date awareness of the current state of the system. In addition to the distribution engineers, managers and many other stakeholders are becoming increasingly interested in the performance of power systems with respect to safety, reliability, sustainability, and economic goals. Visualization provides an intuitive way to demonstrate and quickly communicate the relevant key information. When presented in visualization, data has the ability to inspire and transform the way people see the world around them.
Situational awareness can provide tangible and monetary improvements through increased reliability. Advanced systems provide immediate alerts and early-warning detection of issues. Locations of outages along with potential feeder reconfigurations can be directly known so that crews can be dispatched as efficiently as possible. Situational awareness also provides visualization and detection of problem areas, such as overloaded lines or inefficient buildings. Visualization can provide this in real-time or for power system planning scenarios. Case studies for future potential infrastructure investments can be quickly modeled, simulated, and visualized for a planning engineer to determine the system impacts.
Visualization also increases stakeholder engagement by displaying complex information in a more appealing and understandable manner that users are typically familiar with from applications such as Google maps. Thus, they can be used without any prior knowledge of power systems and could be applied in building dashboards for communication and public relation purposes. Moreover, visualization presents a new uniform way to access both instrumentation and simulation results simultaneously. For example, various data loggers could be prepared to warn about irregular measurement values or simulation results being out of bounds.
B. Developing Advanced Visualization
Several visualization tools and user interfaces have been developed and in this paper are demonstrated on the Georgia Tech system. Contouring techniques can be effective to show the summary of complex simulation results at a glance [28] - [30] . The circuit lines and/or the background can be contoured with a desired simulation result or a measured quantity. The lines can be placed based either on a one-line design diagram or on component geographical coordinates. If the latter are used, it can be very illustrative to use mapping backgrounds and/or layer the plots with e.g., other utility networks. An example of this approach is show in Fig. 15 , which contours the circuit lines by the instantaneous line loadings and uses street maps from the Google maps application programming interface as a background [31] .
3-D visualization have been studied in different power system applications in [28] , [29] , and [32] . Fig. 16 demonstrates an example of 3-D visualization wherein Fig. 14 , a regular 2-D circuit is overlaid with 3-D pillars to simultaneously plot building power consumption. Such graphs are useful to communicate the system performance to stakeholders.
Additionally, a web-based 3-D graphical user interface (GUI) was created with a Javascript 3-D library Three.js [33] to easily visualize real-time campus operations. The interface incorporates 3-D models of campus buildings, mapping backgrounds, and an intuitive user interface to navigate between AMI data and the distribution simulation results. Electrical power flows are shown in Fig. 17 with animated arrows moving along the power lines, with speed and color demonstrating the magnitude of the desired line quantity, such as real power, reactive power, or current. Buildings can be contoured as well with building specific metered or simulated quantities such as real and reactive power demand and voltage. The upper right corner of the figure shows the color maps for the line arrows and the buildings.
The GUI provides real-time and historical visualization from the metering database. Detailed historical information for individual buildings or power lines is shown through a popup window demonstrated in Fig. 18 . Each tile in the contoured matrix of Fig. 18 shows measured hourly values (averaged over the respective 15-min values). The rows and columns show days and hours of the day, respectively. The time period can be changed with a standard calendar-based selection method.
VII. CONCLUSION
The many new distributed energy resources being installed at the distribution system level require increased visibility into system operations, visibility that will be enhanced by DSSE and situational awareness applications. Reliable and accurate DSSE requires both robust methods for managing the big data provided by smart meters and quality distribution models.
Distribution level models are not always very accurate, in particular in regions with older circuits. Additionally, lowvoltage secondary circuits are typically not included in the models. The smart meter data allows a new level of detail and accuracy in distribution system modeling as well as system topology determination and PE, but managing the large datasets presents reliability and accuracy issues that must be overcome. Future DMS will increasingly integrate the smart meter data and the SCADA measurements. This paper presents several concrete use cases and a number of benefits from this integration.
Intelligent methods are presented for detecting and dealing with missing or inaccurate smart meter data, as well as ways to process the data for various offline and online applications such as parameter and state estimation. The presented methods have been proven to be efficient with the Georgia Tech distribution system and can be generalized to any distribution system independent of its size or type.
An efficient and flexible PE algorithm based on the voltage drop equation and regression analysis of the voltage measurements is presented to enhance model detail and accuracy. The algorithm utilizes one of the two presented convex optimization formulations that can be run separately for each secondary circuit and can be solved in seconds despite utilizing thousands of time stamps. The algorithm reduced the MBE from the Georgia Tech simulated load voltages by 59% on average and estimates single-phase secondary circuit series impedances R and X with less than 3% error. The method can be extended to any radial distribution system secondary circuit.
Finally, a 3-D GUI is presented for advanced situational awareness and visualization of system state and events. This paper is demonstrated for a university distribution network with state-of-the-art real-time and historical smart meter data infrastructure. While developing 3-D visualization requires significant extra work, the visualization can be used to communicate with stakeholders in an intuitive and appealing way.
